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With recent advances in technology, accelerometer devices now have the ability to analyze 
everyday activities. Accelerometers are sensors that can detect the intensity and frequency 
of human movement through the measurement of acceleration along one or multiple axes1. 
This measurement is based on the displacement of the seismic mass in the accelerometer, 
with displacement being proportional to the intensity of acceleration2. Accelerometry-based 
devices have been used successfully in posture and movement classification, estimation of 
energy expenditure (EE), fall detection and balance control1,2. 
 
Commercially available accelerometers are often used in performance analysis and activity 
monitoring studies. Many studies use wearable sensors that can be attached to the subject 
and from this, different types of movement data can be recorded and extracted3. The location 
of sensor attachment can often vary depending on the body segments involved in 
movements. Selecting the optimal location is important in providing the most detailed 
analysis of movements4. 
 
There are many models of commercial accelerometers available, although features vary from 
model to model. An important factor in motion analysis is the number of axes from which 
acceleration data is recorded1. An accelerometer can be uniaxial or multi-axial, and this 
affects the detail of analysis as multi axial accelerometers record more data. Another 
important aspect to be considered is the orientation measurements taken. Some models have 
a gyroscope incorporated that accurately measures angular velocity and orientation, and can 
be influential in movement analysis2. Uniaxial, multi-axial and inertial measurement units 
(IMUs) each provide accurate data when applied in the appropriate situation. 
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Although the occurrence of violent attacks often results in serious injury or death, there is 
often a lack of sufficient evidence to convict the offender3. In incidents where closed-circuit 
television (CCTV) and witness accounts are absent, further information regarding the 
movements and actions of those involved can become very useful. With accelerometer 
technology, this sort of information has the potential to be retrieved from wearable devices 
and/or mobile phones. Although the use of accelerometers in detecting violent attacks is yet 
to be studied, previous research has proven that velocity, acceleration and directionality 
data recorded by wearable accelerometer devices can recognize specific movements3,4. 
Wearable accelerometers have been used in previous studies looking at the components of 
a boxing punch,, with results showing the potential of these devices in recognition of punch-
like movement patterns in future assault cases5,6. With further research, a straight arm punch 
motion may be recognized by data signals extracted from an accelerometer in free-living 
conditions. 
 
This review aims to explore the current uses and capabilities of accelerometer devices as well 
as comparing different models and brands. It will also investigate current assault statistics in 
Australia and how previously conducted studies have used accelerometers for further analysis 
of punching motions. 
 
2. Accelerometers for Motion Detection 
 
Acceleration is defined as an increase in speed with respect to time2. It is measured in 
gravitational acceleration units where 1g = 9.81 m/s2. When the acceleration level is at zero 
the object is traveling at a constant speed. This change in speed with respect to time is 
detected by a series of components within an accelerometer device. 
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Accelerometers consist of a proof mass (also known as a seismic mass) which is attached to a 
mechanical suspension system. A proof mass is a known quantity of mass used as a reference 
in measurements of an unknown quantity1. When an acceleration occurs, an inertial force is 
generated, resulting in the displacement of the proof mass1. This displacement can then be 
compared to a reference frame in the device to measure acceleration1. Acceleration can be 
measured along one or multiple axes depending on the type of accelerometer being used. 
 
 
Certain accelerometer specifications need to be considered for acceleration measurements. 
Frequency bandwidth, sensitivity, measurement range, resolution, and filtering are critical 
components in determining accurate acceleration measurements7. The frequency bandwidth 
of an accelerometer defines whether it can measure slow or static acceleration and identifies 
the frequency limit at which acceleration measurements will still be accurate7. It is important 
that acceleration levels fall within the upper-frequency limit for accelerometer 
measurements to be precise. 
 
Sensitivity in the accelerometer defines the signal to noise ratio7. A higher sensitivity is 
desirable for lower acceleration movements as there is less signal. The measurement range 
is the range of gravitational units which can be detected by the accelerometer7,8. The 
resolution indicates how exact an accelerometer can be in its measurements. For example, 
an accelerometer with a 16-bit resolution will have a data point differential of at least 0.003g. 
Filtering is used to reduce the amount of noise and artifacts, and can also assist with 
improving orientation error9. By possessing a low or high pass filter, an accelerometer 
disregards accelerations which are below or above a certain threshold9. Different 
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accelerometer models have different specifications and are suited to measuring different 
categories of motion. Knowing the parameters of what is being measured is critical when 
selecting the most applicable accelerometer. 
 
2.1. Types of Accelerometers (1,10,22) 
 
The three common types of commercial accelerometers are piezoresistive, piezoelectric 
(charge and voltage modes), and differential capacitive accelerometers. 
 
Piezoresistive accelerometers consist of a cantilever beam and a proof mass1. Piezoresistors 
within the cantilever beam can detect movement of the proof mass due to acceleration. The 
resistors produce a voltage proportional to the intensity of the acceleration1. Piezoresistive 
accelerometers are DC responsive; therefore they can measure static and dynamic 
acceleration7. They are used on high impact and shock measurements, as they possess a high 
frequency and measurement range. They are cheap and easy to use; however they can be 
negatively affected by temperature-sensitive drift and low-level signals8. 
 
Voltage mode piezoelectric accelerometers contain a sensing element and a seismic mass1. 
This sensing element bends as a result of acceleration, triggering a displacement of the 
seismic mass. The displacement generates an output voltage or charge proportional to the 
level of acceleration1,8. Unlike piezoresistive, piezoelectric accelerometers are AC responsive 
and, therefore, cannot detect static acceleration7. They have also been known to produce 
inaccurate results when identifying body position and orientation, although this error has 
been overcome in previous studies by the application of a low pass filter2,9. 
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Charge mode piezoelectric accelerometers produce a charge output and require a charge 
amplifier7. In comparison to the voltage mode piezoelectric accelerometer, which has an 
inbuilt charge amplifier and produces a voltage output, the charge mode type possesses 
tolerance to hostile environmental conditions due to its temperature durability8. It also has a 
wide bandwidth and low noise feature, making it optimal for vibration measurements at high 
temperatures7,8. Although voltage mode piezoelectric accelerometers are cheaper and 
require no external charge amplifier, they don’t have the same temperature durability as the 
charge mode piezoelectric accelerometer7,8. Piezoelectric accelerometers are flexible in their 
application, but the downfall of not being able to measure static acceleration restricts their 
use. 
 
Differential capacitive accelerometers use a proof mass, housed between two electrodes, to 
measure acceleration1. The displacement in the proof mass in response to acceleration is 
proportional to the differential capacitance1. Like piezoresistive accelerometers they are DC 
responsive, enabling them to detect both static and dynamic acceleration8. As Piezoresistive 
and differential capacitive accelerometers are both DC responsive, they can determine limb 
angles and posture from the static acceleration of raw signals10. Differential capacitive 
accelerometers are generally well suited to motion sensing applications, as they have a fast 
response to motion as well as a large output7,8. They are currently used in airbags and mobile 
phone devices8. 
 
In terms of punch analysis, piezoresistive and differential capacitive accelerometers would 
both be suitable for data recording. As piezoresistive sensors possess a high sampling 
frequency, measurement range, and are DC responsive; they would be sufficient in detecting 
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the motion components of a boxing punch8. An advantage of the differential capacitive 
accelerometers is their strong motion sensing features suited to detecting limb movement 
and angles10. In a study exploring the parameters of a punching motion this positional data is 
significant. 
 
2.2. Wearable accelerometer placement 
 
When it comes to determining sensor placement on the body, there is still conflicting 
evidence surrounding optimal placement for data accuracy. Although certain locations have 
been proven to be more precise than others, the accuracy of the data can often be influenced 
by the body segments involved in the activity10. 
 
Multiple studies have positioned the accelerometer in the ankle area for analysis of gait 
features during physical activity (PA)11,12. Step count, distance, velocity, and energy 
expenditure can be estimated from the data recorded by an ankle-worn accelerometer11,12. 
However, it may be limited to locomotive related activities due to its isolation from other 
body segments. 
 
Wrist placement is common when assessing PA. As it is unobtrusive and comfortable for the 
user, there is a greater participant compliance during experimental periods. It is also 
convenient for the subject in comparison to hip and waist placements10. Wrist attachment 
has been proven to be useful in sleep analysis as it can identify sleep-wake patterns and 
doesn’t interfere with sleep quality13. A comparison study exploring the effect of dominant 
versus non-dominant wrist was conducted by Dieu et al14. No significant differences were 
observed between each wrist during PA assessment14. Although the wrist is convenient, the 
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background noise which may be created by constant hand movement in the everyday living 
environment of the user can interfere with movement classification15. 
 
The waist is a popular area of placement among studies, as it is close to the center of mass of 
the body and can better represent human motion from a single device16-18. It is easily attached 
to a belt and has the ability to classify a range of basic daily activities and postures from this 
position16-18. Although the waist may be the best-suited location, it doesn’t have the same 
subject compliance rate as that of the wrist. A survey conducted in 2003-2004 showed only 
26% compliance with waist worn accelerometers in free-living research studies leading to 
large quantities of data loss15. Other common locations on the core of the body include the 
chest and lower back. Chest placement has been used to assess respiratory and snoring 
features for the diagnosis of sleep apnea1. 
 
Stable attachment of wearable accelerometers is crucial to ensure there is no impact on the 
accuracy of data. Direct attachment to the body, straps, wristbands, belts as well as 
integration into clothing has been used in studies to prevent sensors coming loose11,19,20. 
Secure fitting of accelerometers to the body should prevent any movement of sensors on the 
body that may create artifacts or interfere with data accuracy. 
 
In a punching analysis study, optimal placement of the accelerometer would likely be the 
wrist in order to obtain hand speeds, accelerations, and orientations measurements. With 
high impact forces occurring in boxing, it is important to ensure stable attachment by a tight 
wristband to eliminate any artifacts due to accelerometer movement. 
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2.3. Data Recording and Analysis 
 
Accelerometer data is recorded over a defined sampling interval known as an epoch. During 
this time, interval acceleration signals are detected by the accelerometer and stored inside 
the device2. Epoch length usually varies between one second and one minute depending on 
what is being measured. For high-intensity, short duration measurements, shorter epoch 
lengths are often used to obtain data of a higher resolution21. For EE prediction, longer epoch 
lengths are recommended to capture the intensity of movements over the duration of an 
activity22. 
 
Most accelerometers use Bluetooth or USB connection to transfer data to a separate device 
for analysis, as it is quick and easy21,23. Statistical models and algorithms are often employed 
to calculate and predict the desired variables such as EE estimation10. A study by Navas et al. 
used a wireless transfer method which could successfully transfer data to a smartphone 
immediately after each value was recorded by the accelerometer24. Although this setup has 
the potential to be used across other studies, it required the development of a complex 
system to be embedded into the device24. 
 
A key aspect of the extracted data Is the reliability of measurements performed by the 
accelerometer device. During the data analysis process, coefficients of variance and 
intra/interclass correlation coefficients can be calculated to determine reliability. Studies 
often use these to confirm the validity and reliability of the accelerometer device21. 
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3. Capabilities of Wearable Accelerometer Systems 
 
Wearable accelerometer systems are commonly used in studies for motion analysis. Data 
recorded can be used to identify posture, movements of interest and detect events such as 
falls. EE estimation is also a common application of most accelerometer devices. More recent 
research being conducted has focused further on activity recognition in everyday life. 
 
3.1. Activity Classification and Monitoring 
 
Activity monitoring and classification has been widely studied using a variety of 
methodologies. PA analysis by accelerometers can be conducted to increase the performance 
of a subject or to identify everyday activities being performed25. Activity classification 
employs a set of thresholds and statistical models to identify different movement patterns. 
By identifying activity intensity and body position, and applying appropriate classification 
algorithms; specific movements can be identified. Simple activity recognition such as walking, 
jogging and running relies on raw acceleration signal and activity counts recorded by the 
accelerometer2,14,15. Orientation estimation, such as sitting and standing, relies more on 
positional data1. This raw data can be used to develop models from signal patterns and 
features observed during each activity10. In terms of more complex activity recognition, 
positional data can be combined with movement data to generate complex modeling and 
pattern recognition10. 
 
As activity counts play a major role in activity classification, it is important that activity 
intensity thresholds are consistent. Varying thresholds between studies can make 
classification of PA inconsistent. An activity count which is classified as sedentary in one study 
may be classified as moderate in another study26. To increase consistency between intensity 
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thresholds across studies; a catalog of rules, variables and definitions were applied to 
accelerometer data from 54 studies between 2003 and 200626,27. This allowed results from 
different studies to be compared more easily. 
 
Machine learning approaches have often been used in activity classification. By using 
algorithms developed from previous data models, algorithms have been able to be 
incorporated into smartphones and smartwatches28. This approach in smartwatches and 
smartphones has enabled statistical models to be generated based on personal data. Studies 
have used personalized models to recognize everyday activities, such as eating specific meals, 
drinking and playing certain sports28. In comparison to un-personalized models, there is a 
significant increase in activity recognition. Personalized models have also been applied 
successfully to smoking recognition4. Although activity recognition in accelerometer devices 
is progressing, there are still challenges for activities to be recognized in free-living conditions, 
with most experimental work being conducted in a laboratory setting. 
 
 
Activity recognition by accelerometers is influential in a variety of ways; however it can 
become limited when it is applied to movements with slight variations. Older, functionally- 
impaired subjects and participants with cerebral palsy had higher error rates among activity 
recognition and EE estimation22,32. For activity monitoring in functionally-impaired subjects, 
there may be a need for personal models to be developed to account for these differences. 
 
As there are limited studies exploring activity recognition by wrist-worn accelerometers in a 
free-living, unbiased environment, the punching analysis study will investigate activity 
recognition in these conditions. By analyzing data patterns from everyday living conditions, it 
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will be determined whether punching motions can be identified from certain patterns in the 
data and furthermore, whether activities in everyday life can be differentiated. 
 
3.2. Estimation of Energy Expenditure 
 
EE can be estimated through accelerometers by measuring PA intensity. Activity counts are 
currently used to estimate EE10. This works by converting acceleration signals recorded over 
a defined time-period into counts that represent the intensity of the activities during each 
epoch. These activity counts can then be compared to reference data of indirect 
calorimetry33,34. The indirect calorimetry method estimates EE by measuring oxygen 
consumption and carbon dioxide production and comparing it to reference data1. 
 
Even with the advances in data analysis methods, EE is often calculated using linear regression 
approaches10. Previous studies have proven EE to be better predicted from acceleration 
signals along the anterior-posterior axis30. Although the vertical axis has been proven to be 
more sensitive to walking and running; the anterior-posterior was found to create a more 
accurate representation of EE due to physical activity31. 
 
Factors affecting the accuracy of EE estimation include location and attachment of 
accelerometers, types of activity and gravitational artifacts. Sensor attachment to the trunk 
of the body is common, as it is stable and moves with most activities1. Limb attachment has 
displayed inconsistencies in EE estimation of some studies1,15. However, this may be related 
to activity type and how much limb movement is involved34. Activities involving weights and 
non-horizontal locomotion were also found to interfere with EE estimation35,36. Gravitational 
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artifacts may affect EE estimation from activities involving limb movement if activity counts 
are affected26. 
 
EE in boxing is likely to reflect the short bout and high-intensity punch movements that are 
involved. In terms of activity counts, comparisons can be done to other PA analysis to find 
similar metabolic equivalent tasks and calculate EE from a boxing punch. 
 
3.3. Fall Detection 
 
Fall-related injuries in elderly people often cause mobility problems and deterioration in 
health1. The rapid postural change that occurs during a fall enables it to be detected using 
accelerometry-based techniques. A series of pilot studies have been performed over time to 
identify key aspects which need to be recognized by a fall detector19,37. An early study 
employed a two-phase approach focusing on detection of impact and change in posture37. 
The first stage screened for any impacts above a certain threshold. If the threshold was 
exceeded, posture was analyzed to see if the subject returned to an upright position. If 
posture remained unchanged for a certain period, a fall emergency was triggered37. 
 
As hearing aids are more common in elderly people, a study was conducted investigating a 
fall detector incorporated into a hearing aid19. Two sensors were used to detect fall 
movements and although it possessed high sensitivity and specificity, many daily activities 
exceeded the defined fall threshold. As there are head accelerations involved in postural 
changes, like laying down in bed and sitting down, further research is required to minimize 
false-positive detections19. Although the chest would be a more inconvenient location for a 
fall detection sensor, a study conducted by Hossain et al. proved it to be successful in fall 
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detection23. Using a single tri-axial accelerometer incorporated into a body sensor network; 
falls in forwards, backwards, right and left directions could be detected up to 93% of the time 
with minimal false positives23. This could be potentially of use when obtaining wearable 
accelerometer data from the victim of an assault incident. 
 
Recent studies on elderly subjects have focused on identifying people at risk and quick alarm 
triggers on occasion of a fall38-40. Gait analysis, posture and sway testing, and monitoring of 
direct movements or routines have all contributed to identifying those at a greater risk of 
suffering from a fall38. Multiple risk assessment tests were performed on elderly subjects with 
varying sensor type and placement. The sit to stand (STS) transition was explored in studies 
by Najafi et al. and Narayanan et al.39,40. A gyroscope placed on the chest could identify 
postural transitions and extract significant differences between high and low-risk groups39. 
The same test performed in studies using tri-axial and bi-axial accelerometers attached to the 
waist and chest areas indicated a strong correlation between risks identified by the STS test 
and physiological profile assessments done40,41. Similar fall prevention studies were 
performed using walking and standing sway assessments42,43. From this, further significant 
differences between high and low-risk subjects were identified, including less regularity and 
periodicity in the walking action of higher risk subjects42,43. Positioning the sensors on the 
lower limbs of the subjects could differentiate fallers from non-fallers 76% of the time from 
an up and go test44. Identification of the subjects at higher risk of suffering from a fall can 
allow them to be monitored based on their needs. 
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Alarm triggers can be critical in situations where an elderly person has been injured in a fall. 
With wireless communication now available, alerts can be sent to healthcare providers 
immediately after a fall. Body sensor networks being used in many of the fall detection 
systems currently have a monitoring application which can send immediate notifications via 
internet and text23. The location of the incident has also been provided in a study with a URL 
address being sent by SMS notification to pinpoint the exact location of the fall45. 
 
3.4. Other Uses 
 
Accelerometer devices have recently been used in the analysis of sleeping patterns and 
disorders, as well as specific activity recognition using unique gesture detection4,13,46. Wrist- 
based accelerometers have been used to assess sleep patterns among children and 
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adolescents13. Although accelerometers demonstrated good accuracy and sensitivity levels 
during sleep assessment, the placement of the wearable sensor without sleep interference 
has proven to be difficult. A study by Morillo et al. attached a sensor to the chest for enhanced 
recognition of breathing, snoring and heart rate patterns in sleep apnea detection46. From 
this, vibration sounds were measured accurately; however, body movements were not taken 
into account when monitoring sleep-wake patterns46. Accelerometers have been proven to 
have the potential to be successful in monitoring sleep disorders and patterns, but without 
wrist placement they may become inconvenient for the subject13,46 
 
4. Comparison of Accelerometer Models 
 
A variety of commercially available accelerometers have been used in a range of studies 
exploring EE estimation and activity classification. Depending on what is being analyzed in a 
study certain accelerometers are more appropriate for different applications. To provide an 
outlook on the available accelerometers and how they perform in different environments, 
various models and brands are summarized and compared between studies. 
 
 




The RT3 model is a Stay Healthy Inc. product used as an activity monitor for clinical and 
research applications1. It is worn at the waist and uses a piezoelectric tri-axial accelerometer 
to estimate metabolically equivalent tasks (METs)1. A validation study of the RT3 for 
assessment of PA indicated that RT3 gave an accurate representation of PA in men and boys47. 
Studies have also been conducted exploring activity patterns and EE in patients recovering 
from surgery48,49. In comparison to the IDEEA and Sensewear Pro Armband, there are some 
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The AMP331 is an activity monitor attached to the ankle area for measurement of forward 
and vertical accelerations1. Produced by Dynastream Innovations Inc., it can calculate gait 
parameters such as stride length, speed and distance travelled1. This data can then be 
wirelessly downloaded onto a PC for further analysis. Validation studies conducted on the 
AMP331 have shown the device to be better than other sensors in monitoring walking 
activities although there were some inconsistencies when monitoring EE during running 
activities51,52. As it is not wrist-worn it is not able to be used in the boxing analysis study. 
 
Actigraph GT1M and GT3X 
 
The GT1M model is a uniaxial accelerometer used in activity monitoring and EE 
measurements. The sensor is attached to the waist area and data is recorded along the 
vertical plane53. As the GT1M samples at a low frequency, it is more accurate when measuring 
PA levels with lower acceleration levels. Studies have proven it to be accurate in measuring 
step counts and EE levels across subjects of varying ages54. The GT3X is a newer model which 
uses a tri-axial accelerometer55. It can sample at a higher frequency and therefore measure 
PA levels more accurately. Although the GT3X records data across three reference axes in 
comparison to one axis measured by the GT1M, studies have not found any significant 
differences in data patterns between models53. A Strong correlation between the models 
allows for a reasonable comparison of results53. For use in boxing studies, the GT3X model 
may be more suitable due to its higher sampling frequency and tri-axial measurement 
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although it needs to be worn on the wrist. The GT1M model may not provide enough detail 




The Intelligent Device for Energy Expenditure and Activity (IDEEA) is designed to investigate 
PA and behavior variables as well as analyzing gait, EE and posture through a set of biaxial 
accelerometers1. Five biaxial sensors are attached to the lower limbs of the subject with a 
wire connected to a recording device at the waist. This enables real-time PA monitoring and 
gait analysis which has been validated across numerous studies56,57. EE estimation from the 
IDEEA was found to be inconsistent between studies and between subjects with movement 
disorders32,50. EE estimation can vary between studies regardless of the model due to an EE 
differential between individuals performing the same activity as well as inconsistent protocols 
between studies50. Five wearable sensors for movement analysis in laboratory conditions may 
be useful, however, in free-living conditions five sensor attachments would become 













The sensewear device is an armband worn on the upper limbs for PA monitoring1. Using a 
dual-axial accelerometer for motion measurement, sensors can report EE, METs, and sleep 
duration. Validation of EE estimation by the sensewear armband indicated good accuracy for 
walking measurements, however, underestimation of EE occurred when walking and running 
speeds were increased50. These sensors could prove to be useful in a boxing analysis study 
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seeing as they are worn on the upper limbs, however, they have not been validated for activity 




The GENEActiv Action model uses a tri-axial accelerometer for detailed analysis of 
performance. With a sampling frequency range of up to 1000Hz, the GENEActiv Action model 
is specifically designed for monitoring performance in professional sports and high impact 
activities58. Using a differential capacitive sensor, the wrist-worn device can detect 
acceleration within a +/-16g range58. Validation studies performed on GENEA models 
displayed high activity classification accuracy of daily activities, however, wrist attachment 
can make activity classification difficult if there is increased limb movement15. A comparison 
study conducted between Actigraph, GENEA and RT3 models proved the GENEA model to be 
the most consistent in its activity classification data with the coefficients of variation 
indicating a high reliability21. The GENEActiv Action model has the potential be used in a 
punch analysis study as it has a large acceleration measurement range and is suited to the 




The Axivity AX3 model uses a differential capacitive tri-axial accelerometer to measure 
acceleration59. It samples at a lower frequency range in comparison to the GENEActiv Action 
model although still has good activity classification abilities59. A validation study explored the 
performance of the AX3 when attached to the dominant wrist of the subject22. Results from 
the study indicated the AX3 monitor to be a valid tool in measuring walking activity22. There 
were inconsistencies in discriminating activity intensity in functionally impaired subjects, 
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however, this has been experienced by many accelerometer models22,32. Use of this model in 
a boxing study may be sufficient although the low sampling frequency range has the potential 
to limit acceleration detection. 
 
9-axis InvenSense Motion Sensor (MPU-9250) 
 
The MPU-9250 is a motion tracking system known as an inertial measurement unit (IMU)60. 
It is also referred to as a 9-axis accelerometer as it consists of a tri-axial accelerometer, a tri- 
axial gyroscope, and a tri-axial compass60. It is designed for incorporation into devices such as 
smartphones, tablets, and wearable sensors60. Studies adopting the MPU-9250 IMU for 
measurements displayed accurate motion capture in terms of limb movement and ability to 
reconstruct a skeletal animation of movements61,62. 
 
Mbientlab Wristband Research Sensor Kit 
 
This wristband device is similar to the MPU-9250, however, the tri-axial compass is replaced 
by a tri-axial magnotometer63. The IMU is incorporated into a wristband which can be used 
to record real-time data via Bluetooth connection63. Multiple studies using the same model 
of accelerometer evaluated the orientation estimation and motion tracking performance of 
the sensors. Sensors performed well on the primary and secondary axis although reliability 
was slightly lower on the third axis in terms of orientation estimation and motion tracking64. 
Analysis of gait abnormalities by the IMU was also found to be accurate and reliable65. A 
proven, reliable IMU would provide the most detailed analysis of motion in a boxing study by 
combining gyroscope and accelerometer data to determine thresholds on acceleration, 
angular velocity, and orientation. 
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4.2. Comparison of Uniaxial and Multi-Axial Accelerometers 
 
Accelerometer features vary between models including the number of axes from which 
measurements are obtained. The three major planes recognized by most tri-axial 
accelerometers include the anteroposterior, mediolateral, and vertical axes2. In the case of 
an accelerometer being uniaxial, the vertical axis is the most frequently analyzed out of the 
three as it is usually the predominant axis along which PA occurs66. A comparison study by 
Vanheist et al., analyzed the difference in results between a uniaxial and tri-axial 
accelerometer when assessing PA of adolescents in free-living conditions66. Although the tri- 
axial model records more data the uniaxial model was equally effective in assessing PA levels 
reliably66. A review exploring the evolution of accelerometers observed a decrease in 
accuracy of uniaxial accelerometers when worn on the wrist in comparison to the hip10. This 
inaccuracy is narrowed by tri-axial models however there is still the potential for inaccuracies 
in PA assessment from wrist-worn devices as limb movement is a part of most daily 
activities10. In the case of detailed analysis of PA, it would be more appropriate to use a tri- 
axial accelerometer but studies suggest there is a strong correlation between data from 
uniaxial and tri-axial accelerometers indicating either is sufficient for most PA assessment. 
From these observations, it is reasonable to allow data comparison between studies using 
varying axial models for PA assessment53. 
 
In terms of a study exploring punching motions, it would be beneficial to use a tri-axial 
accelerometer as data would be collected from a greater number of axes providing a more in 
detail analysis of motion. 
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4.3. Gyroscope Devices vs Accelerometer Devices 
 
A gyroscope Is a device used for measuring the orientation and angular velocity of an object67. 
They are often used in combination with accelerometer sensors to obtain more precise 
motion estimates67. Although studies suggest the accelerometer significantly outperforms 
the gyroscope in activity recognition, it has been proven that movement estimation is better 
in a range of activities when both sensor types are used in combination28,67. A validation study 
which was conducted using tri-axial gyroscope and accelerometer sensors on the upper limbs 
determined that one of each type per limb was sufficient for accurate orientation 
estimation68. 
 
The advances in IMU technology has increased the frequency of devices containing both tri- 
axial gyroscope and accelerometer sensors25. By considering linear acceleration and angular 
orientation and velocity measurements, data should better reflect movements. This is 
significant in the reliability of orientation estimations as some previous accelerometer 
analysis had lacked consistency in this area2,15. As there is an increase in the incorporation of 
IMUs into wearable sensor devices gyroscope and accelerometer data will more frequently 
be considered in combination to increase the reliability of analysis. 
 
5. Physical Assaults in Australia 
 
Violent attacks in Australia continue to gain media attention and cause problems with the 
increasing frequency of one-punch incidents and assaults among the population. Although 
the occurrence of these violent attacks often causes serious injury or death, often they are 
not reported. Crime victimization surveys and data obtained from various medical reports 
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reveal the alarming trends of physical assault and resultant hospital admissions currently 
occurring72-74. 
 
5.1. Assault Data 
 
Physical assault is the most common form of violent crime occurring in Australia69. Physical 
assault is defined as inflicting physical harm or any unwanted contact upon a person69. Studies 
up until 2006 noticed a steady increase in the number of assaults occurring among the 
Australian population; although the reliability of the data is questionable as it is usually 
obtained from crime victimization surveys69-71. Another factor that impacts assault data 
trends is the percentage of assaults reported. A crime victimization survey conducted by the 
Australian Bureau of Statistics (ABS) in 2006 found approximately one-third of assaults are 
reported to police72. With report rates fluctuating, the data patterns may not be 
representative of the assault incidents occurring in the population. 
 
Figure 1: Assault Trends among age and gender groups between 1995-2006. 
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Although crime victimization surveys rely on the truth being told, they are still the most 
accurate indicators of assault data71. The most recent survey completed by the ABS exploring 
2016/17 trends obtained data from 19.2 million individuals aged 15 and over70. Results 
revealed 2.4% had experienced at least one physical assault, 2.6% had experienced at least 
one face to face threatened assault, and 0.9% had experienced at least one non-face to face 
threatened assault70. In comparison to earlier studies, the assault occurrence rate is relatively 
similar ranging from 2-4%69. A further trend identified among assault victims was the repeat 
victimization effect observed. A 1999 ABS national victim survey demonstrated this with 
results indicating 25% of assault victims were likely to have experienced assault at least three 
times within the last year73. This repeat trend is greater in assault crimes in comparison to 
other violent crimes73. 
 
With most smartwatches containing gyroscope and accelerometer sensors, there is potential 
to obtain movement data from worn devices. This data could become significant as evidence 
in future assault cases which lack substantial evidence. Further research could potentially 
enable activity recognition of punch motions in incidents where a violent attack has occurred. 
 
5.2. Injuries due to Assault Incidents 
 
Australia is currently in an epidemic of one punch attacks and alcohol-fueled violence74,75. As 
a result, injuries due to assault are frequently observed by first responders and medical 
staff. Data extracted from the National Coroners Information System in Victoria revealed the 
assault-related injury statistics between 2000 and 201074. From the Victorian dataset, there 
were an estimated 11 deaths per year in the decade due to public assault74. The teenage 
population had the most significant increase in assault incidents and assault-related deaths. 
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Other high-risk groups included foreign English speakers and people in public during high 
alcohol hours (7pm Friday evening until 7am Monday morning)74. Over half of the assault- 
related deaths and nearly two-thirds of the Emergency Department (ED) presentations 




Figure 2: Trends in hospital admissions of people aged 15-34 due to public related assaults 
between 2000-2010. 
 
On average, over 3000 assaults per year Australia result in traumatic brain injury75. Along with 
this, there have been 90 fatalities due to one punch assaults between 2006 and 2015 making 
Australia the epicenter of these incidents76. Alcohol has become an influential factor in rising 
assault statistics. To explore the role of alcohol and drugs in king hit fatalities further, 90 
recent cases were analyzed. Of these cases, 73% involved alcohol, with a median Blood 
Alcohol Concentration (BAC) of 0.142g/100ml75. Information from an earlier coroner’s report 
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suggested that confrontations occur predominantly between groups of young males fueled 
by alcohol or drugs74. Other less significant causes were relationship breakdowns and criminal 
activity, although the common theme among studies seems to relate back to alcohol-fueled 
violence74-76. 
 
With further research, data obtained from a worn accelerometer device may be used to 
determine the cause of injury in an assault victim. Acceleration levels may be able to identify 
whether the significance of the injury was caused by impact from a punching movement or 
another surface. Although this will require further study and data collection from assault 
incidents, there is potential for a correlation between acceleration levels and the injuries 
caused to be established. 
 
6. Current Uses of Accelerometers in Boxing 
 
Accelerometer technology is now used frequently in the performance analysis of athletes. 
Several studies have explored boxing parameters using accelerometers3,5,6,77,78. Results have 
been used to identify acceleration and deceleration levels, reaction times, the force of 
punches and strike frequency in the athletes77. 
 
6.1. What Can Currently be Detected from a Boxing Punch 
 
Recent studies have explored the force, time and speed components of different types of 
boxing punches. A common approach between experimental designs uses a range of sensors 
attached to the wrist area and the impact surface for performance assessment5,77. From this, 
fist acceleration can be measured in gravitational force units, force can be measured in 
newtons (N), and reaction time in milliseconds. By establishing force and acceleration ranges 
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generated by certain types of punching motions, thresholds can be determined to contribute 
to possible punch recognition movement in accelerometer devices. When analyzing the 
components of a punching action, different phases can be identified through the levels of 
acceleration and deceleration. By analyzing an acceleration profile, the start of the punch, full 
extension, and end of punch phases could be estimated from although the retraction phase 
of the punching motion was difficult to identify78. 
 
Figure 3: A tri-axial acceleration profile of a jab punch. 
 
6.2. Methods Used in Detection 
 
The most common approach used in recent studies included wrist mounted accelerometers 
for punching analysis77,78. Studies exploring boxing parameters in amateur subjects tended to 
use more simple setups in comparison to the complex systems seen in elite performance 
analysis studies5,77. More complex setups included sensors on both the impact surface and 
wrist for more detailed analysis. Systems designed specifically for punch analysis used 
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instruments such as torsion bars, smart gloves, and boxing bags with an agility plate as impact 
surfaces which could also measure specific performance variables5,6,77. These embedded 
systems have been proven to have many benefits and have the potential to be applied in skill 
analysis of athletes. More basic setups used in experimental designs included a boxing bag or 
no impact surface although this was still sufficient in producing reliable results without the 
same amount of detail3,78. For punching analysis, a tri-axial accelerometer has been proven 
to be capable of measuring acceleration, velocity, and force output from straight punches, 
rear punches, and jab punches3,78. 
 
 
Figure 4: A punch analysis tool structure. 
 
    1 = Torsion Bar    2 = Fixed end of bar     3 = transverse axis    4 = Bar Frame    5 = Impact target 
   6 = Accelerometer attached to target      7 = sensors       8 = Signal Conditioners                                         
    9 = Data Acquisition card       10 = Data storage Device 
 
     
The sampling frequencies and resolutions used in boxing analysis studies can have an impact 
on the reliability of the results. Multiple studies found a 1000Hz frequency bandwidth 
produced reliable results with a low pass filter often being applied3,6. This high sample 
frequency ensures all acceleration motions are detected and the low pass filter can block out 
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any minor movements that would create further artifacts and noise in the data patterns. 
Reliability across studies was determined using ICC which proved to be relatively high in most 
studies demonstrating consistency among results3,6. A noticeable trend was the drop in the 
linearity of the ICC the further age, gender and experience differed among the subject group78. 
 
6.3. Limitations of Accelerometers in Boxing Analysis Studies 
 
Certain factors in boxing studies impact consistency and can make comparisons between the 
research difficult. Boxing is a skill which varies significantly between subjects depending on 
age, gender, and skill level78. Punching technique is an influential factor which needs to be 
consistent for each type of punch between subjects and studies. A recent study assessing 
punch characteristics taught all subjects a straight punch technique to standardize the 
movement3. It also selected subjects close in age and boxing experience to ensure reliability3. 
As previous boxing experience is likely to have increased a subject’s acceleration and force 
levels this is an important consideration. 
 
From the boxing studies analyzed, many used a different impact surface3,5,6,77,78. Although this 
is unlikely to affect the force or acceleration measurements, it is important that the distance 
of the subject from the impact surface is consistent and stable in the case of quick repeat 
punches as this could influence results6,77. 
 
Not many boxing studies stated the epoch used during experiments, although shorter epochs 
are usually recommended for high-intensity movements2. Boxing analysis would also require 
a higher sampling frequency and resolution for accurate acceleration measurements2. A 
major setback of all studies is the absence of any experiments being performed in a free-living 
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environment. This has the potential to be explored with punching motions being included into 




Advances in the technology of accelerometer devices in the 21st century has led to an increase 
in the number of activity monitoring studies. Wearable sensors are now able to obtain 
acceleration and body orientation measurements and provide a quantitative assessment of 
daily activities1,2. The continuous development of algorithmic models from recorded data has 
enabled the progression of activity recognition and movement classification from 
accelerometer measurements. This in combination with EE estimation from activity counts 
now allows for more accurate and detailed PA analysis. Furthermore, there has been an 
increase in the diversity of wearable devices with so many commercially available 
accelerometer types53,66. The wide range of sensor types and models allows for more accurate 
data recording as studies are no longer dictated by the limitation of accelerometer types. 
 
Instead, accelerometer selection is based more on what is being explored in the study and 
the attachment location which will give the best-detailed analysis10. Smartwatches have had 
a significant influence on accelerometer technology as they can combine gyroscope and 
accelerometer data from a personal device to generate personalized activity classification 
models capable of recognizing unique gestures4,28. 
 
With accelerometer trends displaying potential for more advanced movement classification, 
future research has the potential to explore complex activity recognition in a free-living 
environment. Results from the limited number of boxing studies conducted under controlled 
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conditions have indicated accurate movement classification can be obtained from positional 
and acceleration data of untrained subjects3,6,77,78. Although there are still many 
inconsistencies across these studies these can be controlled by using appropriate subject 
groups and ensuring standardized techniques are used across all studies. 
 
As the use of accelerometer data to recognize violent attacks is yet to be explored, it will 
require a significant amount of further research to be of any assistance in an assault incident. 
With continuous advances in technology and the development of personalized algorithms in 
worn smart devices, movement classification of a punching motion is likely to become 
recognizable with more dataset comparison across studies. With enough research, 
accelerometer data from a wearable sensor has the potential to increase information about 
everyday living and the movements of an individual. 
 
8. Project Brief 
 
8.1. Experimental Aims 
 
This study aims to identify and analyze the data captured by a wrist-worn accelerometer 
during a straight arm punch. From the interrogation of the data generated during this action, 
we can determine whether a straight arm punch can be distinguished from other daily 
activities. This will be achieved through assessing the nature of data recorded by a wrist-worn 
accelerometer, assessing the similarities between a straight arm punch and other daily 
activities and establishing the velocity, force and acceleration range generated by a straight 
arm punch. 
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8.2. Experimental Hypotheses 
Hypothesis 1 
H0: A straight punch action cannot be identified from data recorded by a wrist-worn 
accelerometer. 
H1: A straight punch action can be identified from data recorded by a wrist-worn 
accelerometer. 
 
8.3. Experimental Methodology 
Accelerometer Setup and Analysis 
The accelerometer device used in the study will be an inertial measurement unit consisting 
of a tri-axial accelerometer and a tri-axial gyroscope. It will be worn on the dominant wrist 
with a wristband attachment to ensure stability. Each parameter will be measured along three 
different reference axes (horizontal, vertical and axial directions). To verify the reliability of 
the data recorded the accelerometer will be exposed to a series of movements with a known 
velocity, acceleration, force and direction measurements. From this, the data can then be 
checked to confirm the accuracy of the accelerometer measurements. Gyroscope orientation 
accuracy will also be verified by ensuring the device correctly identifies the orientation of the 
arm in different positions. 
 
Straight Arm Punch Analysis 
 
To ensure the punching action is performed safely by the subject, boxing gloves will be 
provided to protect the hands upon impact. Before the study begins the correct technique 
will also be learned by the subject to minimize the risk of injury and maintain consistency. To 
evaluate the ability of the accelerometer and gyroscope in recognizing a straight arm punch, 
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a series of straight arm punches into a punching bag will be performed at random times 
throughout the day. The punching motion will be performed by the arm on which the device 
is being worn. The subject will make note of the time when the straight arm punch action is 




After each 24-hour period, data from the wrist-worn device will be extracted onto a laptop 
device for further analysis. SPSS statistical software will be used to conduct data interrogation 
and identify any relationships present between force, velocity, and acceleration during the 
punching motion. A tri-axial acceleration profile will also be generated to represent the 
angular acceleration along each axis. From this, any unique features which that may assist 
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Legal authorities are continually investigating violent attacks in an attempt to establish a 
series of events surrounding the cause of injury or death. Currently, the main source of 
proof when obtaining factual evidence in regards to violent movements is CCTV or mobile 
phone vision. Advances in technology have now led to wearable sensors being able to 
recognize specific movements. Using a wrist-worn accelerometer, an approach was 
developed to identify violent movements that may occur during an incident. Straight-arm 
punch, slap, and hammer motions were performed by a male subject while wearing an 
accelerometer on the dominant wrist and data was extracted from the device in an attempt 
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Wearable devices containing an accelerometer and/or gyroscope feature are now able to 
interpret everyday movements and recognize specific activities. The use of sensors that are 
able to detect intensity and frequency of human movement allows acceleration to be 
measured along one or multiple axes1. The measurement of this change in speed over time 
is based on the displacement of a seismic mass in the accelerometer, with displacement 
being directly proportional to the intensity of acceleration2. Previously, studies 
incorporating accelerometer devices have been able to successfully analyze posture, classify 
movements, estimate energy expenditure, detect falls and abnormal movements, and 
explore balance control1, 2. 
 
Accelerometer devices are regularly used to analyze performance and recognize human 
activity3, 4. Studies have employed wearable accelerometer sensors as an analysis tool so 
that varying types of movement data can be recorded and extracted5. The attachment 
location of these wearable sensors varies depending on the body segments involved in the 
analysis. Selecting the most optimal attachment location is critical as it can influence the 
detail and accuracy of movement analysis3. For example, in a sleep analysis study, wrist 
attachment has previously been proven as an optimal attachment location for the 
accelerometer as it does not interfere with sleep quality and is convenient for the user6. 
 
There are a range of commercial accelerometers available, although features vary between 
models and brands. A critical factor in motion analysis is the number of axes along which 
acceleration data is recorded by a device1. An accelerometer can be uni-axial or multi-axial, 
with each impacting the detail of analysis. Another influential feature that varies between 
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models is the presence or absence of a gyroscope. A gyroscope measures the angular 
velocity and orientation of the subject, therefore supplying a more detailed movement 
analysis2. More advanced devices known as inertial measurement units contain both 
gyroscope and accelerometer features7. Validation studies conducted on uni-axial, multi-
axial, and inertial measurement units (IMU’s) have proven each type to provide accurate 
data when applied in the appropriate situation8, 9. 
 
Although the occurrence of violent attacks typically results in serious injury or death, many 
violent attacks lack substantial evidence in trial10. Due to many incidents occurring in 
isolated areas where closed-circuit television (CCTV), mobile phone recordings, and witness 
accounts are absent, further information surrounding the movements and actions of those 
involved can become critical in establishing a series of events11. With the possibility of using 
wearable accelerometer technology to obtain this information, there is a potential to open 
up a new field of research for the use of accelerometer evidence in future cases. Although 
the use of accelerometers in detecting violent attacks is yet to be studied, research has 
proven wearable sensors can accurately record velocity, acceleration, and directionality 
data as well as recognize specific patterns and movements3, 5. Wrist-worn accelerometers 
have been used in previous studies to explore performance analysis in boxing and analyze 
the different components of a boxing punch12, 13. Results have shown the potential of these 
devices to recognize punch-like movement patterns and be of use in future assault cases. 
 
With further research, accelerometer data patterns produced by various violent attacks 
could potentially be significant in establishing whether or not a certain activity or movement 
occurred. This study will explore the types of data produced by a wrist-worn accelerometer 
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during various violent attacks, and determine whether there are specific patterns within the 
data that can be used to detect violent movements in free-living conditions. 
 
2. Materials and Methods  
2.1. Execution of Violent Movements 
The execution of violent movements was conducted across two phases. The first phase was 
performed across four 2-hour periods as the device had limited data capacity. A singular 
male subject performed a series of randomly timed straight arm punch, slap, hammer, and 
non-impact drinking motions with their dominant arm while wearing the mbientlab 
MetaMotionR Inertial Measurement Unit (IMU)14. The wrist-worn device placed on the 
dominant arm of the subject consisted of a tri-axial accelerometer, tri-axial gyroscope, and a 
tri-axial magnetometer. Upon beginning each session, the gyroscope and accelerometer 
were activated via an iOS application known as MetaBase. Data recorded by the 
accelerometer was sampled at 12.5Hz and +/- 16g15. The gyroscope also sampled at a rate 
of 12.5Hz and measured angular velocity changes up to 2000 degrees/second. 
 
The second phase of the experiment included the same types of random violent movements 
although a series of non-impact slaps and punches were additionally performed in a 3-hour 
recording period to see if impact and non-impact movements could be differentiated. The 
accelerometer and gyroscope measuring parameters remained unchanged. 
 
Prior to proceeding with any experimental movements, a control test was conducted by 
placing the device on a flat surface and ensuring there was no acceleration or angular 
velocity artifacts observed. To further eliminate any artifacts which may have occurred 
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during recording sessions the wrist device was tightly fitted to the subject preventing any 
movement of the device6. Each punch motion resulting in an impact was performed into a 
carpeted floor surface with the subject wearing boxing gloves. The horizontal slap motions 
performed used the rear of a desk chair as an impact surface. The hammer blows were 
conducted using a rubber mallet impacting on a brick paver surface. 
 
2.2. Data Acquisition and Analysis 
After each session had been completed, the data was retrieved from the IMU device via the 
MetaBase application14. Each session could either be uploaded to a MetaCloud software via 
Bluetooth or downloaded as CSV files and opened with Microsoft Excel. For the analysis of 
accelerometer and gyroscope data, CSV files from each session were downloaded 
separately and opened with Microsoft Excel®. Using the filter tool in Microsoft Excel, areas 
of significant (+/-2.5g) accelerations and decelerations across the X, Y and Z axes were 
identified and further explored. By looking at data points recorded up to ten seconds either 
side of an acceleration/deceleration peak exceeding an arbitrarily defined threshold of +/-
2.5g, specific patterns could be observed15. Phase one analysis consisted of plotting the data 
points within the twenty-second period on a line graph to identify whether the data pattern 
across all three axes was representative of a violent attack. Phase two explored the 
possibility of classifying specific punch, slap and hammer movements through a more 
detailed comparison of graphed data against the trained values obtained from phase one4. 
Identification and quantification of impacts vs non-impacts were also explored by 




3. Results and Discussion 
3.1. Identification of Violent Attacks 
Throughout the four two-hour sessions conducted during phase one of the experiment, all 
violent attack periods were successfully identified although there were a number of false 
positive results (Table 1). As this research is in an area relatively novel to forensic science. 
The approach of searching for rapid accelerations and decelerations in motions proved to be 
effective. As each two-hour session generated approximately 90,000 data points, 
attempting to identify relevant data can be difficult therefore using the more general 
approach of a defined threshold was helpful in narrowing the data. Limited comparisons 
were done between violent movements and other daily activities, however, from the data 
analysis it was found there were very few activities in a day that resembled the acceleration 
levels observed in a violent motion.  Gyroscope data was not used in the violence detection 
methods as the data from sessions was inconsistent and no recognizable patterns could be 
distinguished from the areas corresponding to a violent event. 
 
Table 1: Comparison of Acceleration and Deceleration levels observed during each of the 



















Punch -3.648 – 6.545 4.45 -2.94 0.955 3 
Slap -5.137 – 8.531 5.56 -4.91 2 1 
Hammer -1.783 – 6.771 4.90 -1.37 0.79 1 
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Daily activities produced few slight peaks with the exception of two random artifacts. An 
acceleration and deceleration peak produced G-forces representative of a violent 
movement although it was confirmed no violent movements were performed at that time 
(Figure 1). Drinking movements could not be identified across any of the sessions as no 
effective approach could be established to identify patterns representative of the hand to 
mouth motion. A previous study by Weiss et al., successfully used a machine-learning 
approach to identify drinking movements from accelerometer and gyroscope data although 
five specific algorithms were applied based on personalized training data from the subject4. 
Without the application of specific algorithms, it is difficult to identify specific patterns in 









Figure 1: An unknown artifact observed in the accelerometer data obtained during phase 
one of the experiment. 
 
As there is limited research in the field of violent attack acceleration thresholds, there are a 
lack of established methods for identifying physically violent events from wrist-based 
accelerometer data. Algorithms have been used in other studies to identify movements 
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related to daily activities, falls and energy expenditure. However, research into assault-like 
movements using wrist-worn devices has only been done in a professional setting such as 
boxing performance analysis4, 15, 16. In the forensic science field, there have been studies 
conducted on the detection of firearm use through wearable sensors17-19. By identifying 
wrist movements associated with gunshots, shooting movements could be accurately 
detected, as well as firearm type and category (handgun, rifle, shotgun). Examining the 
accelerometer data produced by the recoil action was found to reveal information relating 
to the power of the firearm and the experience of the user which could be useful for law 
enforcement19. 
 
A study conducted on younger subjects explored the use of Electrocardiography (ECG) 
signals in combination with accelerometer data to detect violence20. Second and fifth-grade 
pupils simulated violent movements included pushing, tackling, shaking, pushing from front 
and shoulder hits. K Nearest Neighbor (KNN) classifiers were applied to ultra-short ECG 
signals to identify the types of violent and non-violent events. ECG signals as short as six 
seconds could successfully classify violent events approximately 70%-80% of the time, 
although the false negative rate was relatively high with multiple violent events being 
misclassified as non-violent events20. The combined use of accelerometer signals was 
helpful in removing motion artifacts caused by free movement in the daily activities of the 
students20.  
 
Another study investigating physical violence in school bullying also applied selected 
classifying algorithms to accelerometer and gyroscope data obtained from a smartphone21. 
Through the KNN method, bullying events were successfully separated from non-bullying 
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events approximately 92% of the time with activities including hitting, pushing and shaking 
being detected against other everyday high-intensity activities such as running21. Although 
neither of these studies employed wrist-worn accelerometers, results still indicated a high 
recognition rate of violent movements predominantly involving the arms. 
 
The subject-specific classifier approach can be successful in a simulated environment where 
there may be many high impact/intensity activities over a long period and specific patterns 
need to be distinguished however, if a known time-period is being analyzed, the filter 
method used to separate high acceleration/deceleration events may reduce the number of 
false negative results, therefore decreasing the probability of misinterpreting a violent 
event. 
 
3.2. Differentiation of Violent Attacks 
Phase two of the experiment focused on differentiating violent movements and identifying 
whether an impact event had occurred during each movement. Data was recorded over a 3-
hour period and compared against the patterns produced from phase one of the 
experiment. Four straight arm punches were correctly identified at 2:23pm with two impact 
and two non-impact events occurring (Figure 2). In the case of a punch impact event, 
acceleration and deceleration levels predominantly peaked on the y-axis; although strong 
peaks were also observed on the x-axis during a non-impact event. The deceleration peak 
(Figure 2, point B) was seen to be greater than the acceleration peak due to the abrupt halt 
occurring upon impact in comparison to the acceleration phase which is more gradual 












Figure 2: Acceleration levels observed during the two straight-arm punch impact events 
during phase two of the experiment.  
The slap movements that occurred in the study (Figure 3) were also correctly identified; 
however a non-impact event was mistaken for an impact event, which led to a false positive 
result. Acceleration peaks were observed predominantly on the y-axis, however, the 
deceleration peaks were observed on the z-axis, unlike the straight arm punch where peaks 













Figure 3: Acceleration levels observed during the slap impact events occurring during 
phase one of the experiment. 
A = Acceleration of Punch  
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The hammer events generated a unique pattern which enabled them to be correctly 
identified from the accelerometer data (Figure 4). Acceleration peaks were similar across all 
axes with minimal deceleration peaks observed on the z-axis. The lack of deceleration is 
likely due to the hammer acting as a lever away from the body, therefore not requiring as 
much wrist acceleration in comparison to the slap and punch where the hand experiences 














Figure 4: Acceleration levels observed during the hammer impact events occurring during 
phase two of the experiment. 
 
In terms of the acceleration ranges generated by the varying violent events, all movements 
produced similar acceleration peaks. In comparison to previous studies, straight arm punch 
impact events produced similar ranges to boxing movements performed by untrained 
amateur subjects15. Deceleration peaks between violent movements varied more; likely due 
to the differing impact surfaces and varying velocities/forces of each violent movement23. A 
movement with a lower velocity into a more absorbent surface (e.g. punching bag) will 
result in a lesser deceleration in comparison to a movement with a higher velocity into a 
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non-absorbent surface (e.g. carpet floor or brick)23. Differentiating impact events from non-
impact events could be successfully done as there was a recurring pattern separating the 
events. Impact events produced significantly lower acceleration and deceleration peaks in 










Figures 5a and 5b: Representation of the acceleration and deceleration differences 
between impact and non-impact events in punch and slap movements. 
 
3.3. Future Research Recommendations 
All violent attacks were successfully identified and differentiated from other activities 
performed during each of the sessions in the experiment; however, some variables did not 
remain constant during the experiment which may have influenced the results. The impact 
surface varied between violent movements potentially interfering with data recorded 
during and after the point of impact. Previous boxing studies have recorded a percentage of 
effort during the violent movements for comparison purposes, although this was another 
variable that was not noted during the experiments and would affect acceleration ranges5, 
21.For further research into this field, ideal methodologies would keep surfaces constant 




as well as allowing for some recoil after the impact during the punching motion as per an 
assault incident. 
 
Other areas of research that may contribute to the detection of violent attacks include the 
identification of abnormal movements and falls through accelerometers. Recent studies 
have been conducted exploring accelerometer systems designed to recognize these 
movements16, 24, 25. In an incident involving an assault, fall and seizure detection by 
accelerometers worn by the victim could give further information as to the series of events 
that occurred. Another study of interest in relation to violence detection and any lead-up 
events is the identification of drug-intake events. A study by Hossain et al., used 
accelerometer sensors in combination with ECG signals to identify cocaine intake in 
subjects26. By analyzing the acute physiological response and combining activity recognition 
data, these events could be identified at a 100% success rate with some false positive 
results26. In assault-like events, the detection of falls, abnormal movements such as 
seizures, and drug intake by accelerometers has the potential to reveal information about 
what may have occurred between a victim and offender. 
 
3.4. Data Acquisition From Devices 
An important factor in the use of wrist-worn accelerometers for activity recognition is the 
data acquisition from the device. Factors such as how long data is stored for, the sampling 
rate of the device, and where the data is stored are all important when retrieving 
accelerometer recordings. The device used in the experiment had an 8-megabyte memory 
which was enough to log approximately four hours of accelerometer and gyroscope data, 
sampling at 12.5Hz14. Data was retrieved through an iOS application as a CSV file or 
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Bluetooth streamed to a data analysis software. This is effective for specific accelerometer 
application devices where recording sessions can be controlled through device activation4. 
However, other worn devices such as smart watches or Android® devices containing 
accelerometers and gyroscopes can be constantly recording this data, therefore making it 
harder to retrieve specific time-periods of information. A review conducted by Arriba-Perez 
et al., explored the collection and processing of data from these types of wrist-wearable 
devices27. Data transfer comparisons were performed on platforms such as Apple, Google, 
Samsung, Fitbit, Jawbone, and Microsoft which all produce wearable devices containing 
accelerometer and gyroscope features. Data transfer from devices supported by these 
platforms can be done through two methods: Wearable data transfer or Warehouse data 
transfer27.  
 
Wearable data transfer involves taking the data directly from the wearable sensors in 
comparison to warehouse data transfer which requires taking data from a proprietary 
warehouse27. Furthermore, each of these data transfer systems allows for direct or indirect 
access. If the third party collects data from the wearable or warehouse it is considered 
direct access. If some kind of intermediatory system is needed as a gateway to the third 
party server it is considered indirect access. Each of the following setups is summarized in 







Table 2: Comparison of data transfer systems observed in Smart and Android devices. 
Type of Data Transfer Access 
Type 
Data Retrieval Type of Device 
Wearable Data Transfer Indirect Data transfer to a third party system 
can be done through a smartphone 
application. 
Mbientlab Metacloud 
Warehouse Data Transfer Direct The third party can obtain the data 
using the proprietary warehouse. 
Google Health, Fitbit, 
Microsoft Health 
Warehouse Data Transfer Indirect Involves access to the proprietary 
warehouse using an intermediate such 
as a smartphone application. 
Samsung Health and 
Apple Health 
Wearable Data Transfer DIrect Direct access between the wearable 
and the third-party server. 
Unknown 
 
In terms of data storage in these devices, proprietary servers possess a permanent storage 
function which allows for third parties and final users to gain direct or indirect access to all 
data27. The privacy and protection of the data varies between different devices with each 
platform having its own terms of service and privacy policy28. It can also vary depending on 
whether it is covered by a country’s jurisdiction28. Most platforms like Apple, Google, and 
Samsung have access to personal data and can share this with their affiliates. De-identified 
data can be shared for any purpose by many of the platforms28. Many of the privacy policies 
do not state anything in relation to data access for legal investigations with the exception of 
Google who state “… if the disclosure of information is reasonably necessary to meet any 
applicable law, regulation, legal process, or enforceable governmental request”28. In the 
case of a legal investigation, optimal data access is likely to be achieved through direct 




Straight-arm punch, slap, and hammer movements were successfully identified and 
differentiated using accelerometer signals although drinking motions could not be 
recognized. Impact and non-impact events could be separated in all but one of the violent 
movements. All violent events produced consistent patterns across the data, although only 
one subject completed the violent motions therefore variation between techniques could 
not be accounted for. Impact surfaces were also kept the same for each movement thus 
changes in patterns due to differing impact surfaces were not accounted for. In terms of 
future research, there is potential for these recognition patterns to be combined with fall 
detection and abnormal movements to further establish a more complex model for the 
detection of violence. Considering this research is relatively new and lacks any sort of 
established methodology, the pattern recognition that could be established from each of 
the violent movements indicates there is potential for further research into this field. With 
further study and the development of violence detection models/algorithms, accelerometer 
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